To facilitate the design and optimization of nanomaterials for a given application it is necessary to understand the relationship between structure and physical properties. For large nanomaterials, there is imprecise structural information so the full structure is only resolved at the level of partial representations. Here we show how to reconcile partial structural representations using constraints from structural characterization measurements and theory to maximally exploit the limited amount of data available from experiment. We determine a range of parameter space where predictive theory can be used to design and optimize the structure. Using an example of variation of chemical composition profile across the interface of two nanomaterials, we demonstrate how, given experimental and theoretical constraints, to find a region of structure-parameter space within which computationally explored partial representations of the full structure will have observable real-world counterparts.
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The prerequisite for the design and optimization of nanomaterials for a given application is an understanding of the relationship between structure and physical properties.
1-4 However, with large nanomaterials, on scales of several thousand atoms and more, there are large uncertainties and imprecise structural information. 2, 5 This is caused by both the lack of atomic resolution of structural characterization methods, and limitations of predictive theory methods, such as those previously successfully applied in, e.g., molecular spectroscopy, 6 or on a few-atom scale to predict new materials.
7-9
For large nanomaterials, the full atomistic structure is represented only indirectly by descriptive quantities, "motifs," such as chemical composition profile (CCP), geometry, confining potential, etc. This leads to the loss of structural information. The full structural information, atoms and their positions, is replaced by the partial structural information contained in motifs. Whereas knowledge of the full information guarantees knowledge of partial representations of the structure via motifs, knowledge of partial representations is not, in general, sufficient to uniquely determine the underlying atomistic structure. Consequently, different partial representations of the same full structure can exist, e.g., as "seen" by experiment and theory, illustrated in Fig. 1(a) . Often, these representations are reconciled by "cherry-picking" one solution that fits all constraints, regardless of how loose they might be. For example, it was shown that the interface in a core/shell CdZnSe/ZnSe nanocrystal was key in interpreting absence of intensity fluctuations in photoluminescence (PL) spectra, also known as blinking.
5
The electron micorgraph of a CdZnSe/ZnSe nanocrystal could not give precise information about the interface between CdZnSe core and ZnSe. shell, so numerical calculations were used to find a possible composition profile at the interface that would eliminate blinking. In this case, structural information was deduced from two sources: (i) structural characterization measurements, which gave one partial structural representation, and (ii) predictive theory, which was based on the desired outcome (no blinking in the PL spectra). In order to get
The partial views of the structure, as "seen" by experiment and theory; (b) Description of the structure obtained from structural characterization, model structure, and deduced from predictive theory starting from a target physical property, deduced structure; (c) Different chemical composition profiles (CCP), s1, s2, ..., s10, illustrating variation from linear to step-like.
the best possible representation of the structure using employed motifs, these need to be reconciled.
In this work, we (i) show how to reconcile different partial representations of the structure, (ii) determine a range of parameter space where predictive theory can be used to design and optimize the structure, (iii) establish quantitative measures of the limits on inference about the full structure given partial views, and (iv) discuss the implications of choosing possible solutions depending on the strength of experimental and theoretical constraints. The approach and discussion are presented on an example of variation of composition profile across the interface of two materials, as shown in Fig. 1(c) . In addition to enabling us to discuss the underlying ideas in an elegant way and without lost of generality (see below), the findings could be directly relevant to the analysis of e.g., diode lasers from epitaxial II-VI and III-V semiconductor heterostructures, where large concentration gradients and interdiffusion of the matrix components during growth and processing influence device parameters.
10
We start from the set S = {s 1 , s 2 , ..., s 10 } which contains all possible CCPs, as shown in Fig. 1(c) . Some subset of CCPs from S are allowed by structural characterization measurements and others by theory. In the best case scenario, we should be able to distinguish between each and every CCP, and in the worst case, we would not be able to distinguish among any of CCPs from S, i.e., any s i from S would be an acceptable solution.
There are 2 10 − 1 possible (non-empty) subsets of S. We next define all subsets that are allowed by the experimental data, {S PE }, and theoretical data, {S PT }, and characterize every subset S Pi by the mass of belief committed to it, m(.); m(.) is also called basic belief assignment (bba), and is defined as m(.) : 2 |S| → [0, 1], i.e., mapping from the set of all subsets of S (the power set of S), to [0, 1] that satisfies the conditions: m(∅) = 0 and X∈2 S m(X) = 1.
11, 12 We can construct the so called "evidence structure" for the experiment
From experimental results, we know: (e 1 ) the length over which there is variation of composition is d; (e 2 ) the value of composition at h 1 is c 1 ; (e 3 ) the value of composition at h 2 is c 2 ; (e 4 ) c 1 < c 2 ; (e 5 ) there is a gradient in CCP from h 1 to h 2 ; and (e 6 ) there are no data to specify the exact form of the profile. Based on the evidence and by constructing and applying the preference structure as proposed in Ref. 13 , we generate quantitative m E .
From predictive theory, the structure is reconstructed given a physical/optical property [e.g., the peak PL energy, see also Fig. 1(b) ]. Given that, we can designate: (t 1 ) value of composition at (h 2 −h 1 )/2 should be greater or equal to (c 2 − c 1 )/2; (t 2 ) the value of composition at h 1 should be < (c 2 − c 1 )/2; (t 3 ) the value of composition at h 2 should be c 2 , and (t 4 ) there is no constraint on whether there is an abrupt or gradient variation of the profile. Just as in the case of generating m E , m T is obtained based on the evidence and by applying the preference structure of Ref. 13 . Note that any of the possible subsets represent some composition profiles and has a certain probability of being valid.
For each bba, both experimental and theoretical, we then determine the amount of support given to S P , the belief, Bel(S P ) = X|X⊂SP m(X), and the total amount of potential specific support that could be given to S P , the plausibility, P l(S P ) = X|SP ∩X =∅ m(X).
11,12
After we get the two evidence structures, from experiment and theory, we apply the rule of combination to reconcile those partial representations.
11 The DempsterShafer (DS) rule is expressed as m DS (S
The amount of support, Bel(.), and the total amount of potential specific support, P l(.), that could be given to a single si and the full set S. According to experiment, any CCP from the set S is acceptable, but theory singles-out one CCP, s7. Reconciling the two partial representations of the structure, where the Dempster-Shafer rule of combination is used to obtain combined bba mDS, the conjunctive consensus on S (DST ) P , m (E,T ) , and the total degree of conflict K (E,T ) . (b) The same as (a), but for the case where any CCP from S is acceptable both according to the structural characterization measurements and theory.
represents the conjunctive consensus on S (DST ) P between the experiment and theory, and K (E,T ) = SP 1∩SP 2 =∅ m E (S P 1 )m T (S P 2 ) is the total degree of conflict between the experiment and theory.
Fig . 2(a) shows our results for the case where, according to the structural characterization measurements, any CCP from the set S is acceptable, i.e., Bel(S) = P l(S) = 1, and the theoretical prediction singles out one CCP, s 7 , i.e., Bel(s 7 ) ≈ P l(s 7 ). This corresponds to the analysis of the blinking in the PL spectra of core/shell CdZnSe/ZnSe nanocrystal.
5 When the partial structural representations from the two sources, structural characterization and theory, are reconciled using DS-rule, we see [ Fig. 2(a) bottom] that the lack of constraints from experiment allows any theoretical prediction to be accepted.
From a different perspective, the results of Fig. 2 (a) suggest that reconciling partial structural representations from different sources will always be dominated by the source with more detailed (and precise) evidence structure. For example, if we could resolve the structure on the atomistic level using theory and provide input to experiment, e.g., to guide fabrication/synthesis, we would not be able to observe and track changes potentially in-troduced during the fabrication. To put it simply, we would lack the feedback from the experiment of how the real-world structure actually looks like. This suggests that computer design and manipulation with structures on the level beyond the resolution of the structural characterization measurements cannot have immediate practical implications on the computational design and optimization of large nanomaterials and devices based on them. In the opposite situation, where the output from the experiment provides more comprehensive view of the full structure than existing theory, one option is to employ machine learning methods on database of experimentally fabricated and characterized structures. Fig. 2(b) shows the results for the case where both experimental and theoretical predictions are unconstrained. In that case, as intuitively clear, it can only be concluded that the solution belongs to S, but nothing more specific.
Imposing additional constraints, i.e., having more detailed outcomes of structural characterization measurements and theoretical predictions, narrows down the number of acceptable CCPs. For example, because of the large concentration gradient at the heterojunctions, interdiffusion leads to changes in CCP of the interface. Fig. 3 shows our results for such a scenario. Theoretical predictions identify CCPs given in S PT . Different CCPs, allowed by theory, can be obtained by linking the variation of CCP across the interface with the shift of the peak PL energy for the sample of interest.
10 Structural characterization measurements can detect variation of CCP across the interface (where diffusion has been often assumed to follow Fick's law), but not resolve the gradient; this gives a subset of CCPs, S PE .
As shown in Fig. 3 , the DS rule of combination identified the subset of CCPs, S (DST ) P 1 , with the largest m DS . This means that in the parameter space of the partial structural representations, i.e., motifs (CCP in our case) and the corresponding values they may take, there is a subset of CCPs (S (DST ) P 1 ) that is seen by both experiment and theory. S (DST ) P 1 actually gives us a region of the parameter space within which explored and/or computationally designed partial structural representations of the structure can have observable real-world counterparts. Thus, by computationally exploring/searching the parameters within the space identified by the DS rule, we are able to provide input to fabrication/synthesis, useful from a design and optimization viewpoint, because it can be registered by the structural characterization and provide relevant feedback to the theory.
Next, Fig. 3 shows that there are other theoretically predicted partial structural representations (CCPs) belonging to regions outside the parameter space overlapping with experimental CCPs [see also Fig. 1(a) ]. This simply means that these CCPs [a subset {s 9 , s 10 } ⊂ S PT in Fig. 3(a) ] are not experimentally realizable. Consequently, searching through all partial structural representations that could be constructed on the full parameter space might provide CCPs that are unrealis- FIG. 3. (a) The amount of support, Bel(.), and the total amount of potential specific support, P l(.), that could be given to a SP E and SP T . According to experiment, any CCP in SP E is acceptable, and according to theory, any CCP in SP T ; (b) Reconciling the two partial representations of the structure, SP E , SP T , with the corresponding mE(.) and mT (.). The Dempster-Shafer (DS) rule of combination identified the subset of CCPs, S (DST ) P 1 , with the largest mDS.
tic, within currently accessible experimental constraints, while at the same time, unnecessarily and potentially significantly, increasing computational time and complexity.
Furthermore, arbitrarily selecting a region of the parameter space to theoretically deduce partial structural representations can have severe consequences. One obvious example is shown in Fig. 4 . We retain S PE from . The implications of (arbitrarily) narrowing down S PT can be traced via the total degree of conflict between the experimental and theoretical evidence, K (E,T ) . We see that, unlike the cases considered in Figs. 2 and 3 , where K (E,T ) ∼ 0, for the case in Fig. 4 , K (E,T ) is increased dramatically, to 81%. Although theoretical predictions allow these partial structural representations to exist, they do not describe real-world systems, as represented by the experimental setup; questioning the relevance of those predictions.
An interesting and simple example of an arbitrary nar- rowing of the parameter space can be found when geometric motifs, such as the width of a quantum well, are brought up. One simply separates one material (barrier) from the other (well), basically introducing a sharp variation in CCP (see s 9 and s 10 in Fig. 1(c) and Fig. 4 ). The implications of introducing geometric motifs are significant, but their usage is not required for defining the structure; at this level of representation, the CCP fully describes the structure.
By reconciling partial structural representations using constraints from experiment and theory, we provide the upper limit of what can be concluded about the structure given these inputs. Experimentally, this is important because it could be very difficult to construct a large database from experimental results (which would require fabrication, characterization, then measurement of properties). Even if that were possible, the problem of imprecise structural information could not be eliminated. Theoretically, the initial parameter space of possible structures can be too large to be tractable, and arbitrarily choosing a region of parameter space might be misleading. By reconciling different possible CCPs, i.e., partial representations, such as those seen by experiment and theory, we maximally exploit the limited amount of data available from experiment, and determine a range of parameter space where predictive theory can be used to design and optimize the structure.
When we identify a subset of CCPs, e.g., S
(DST ) P 1 with three CCPs in Fig. 3 , these are tentative solutions based on the currently available evidence structure and partial structural representations. With further evidence introduced, the set of acceptable CCPs can change. If we seek the true solution, that would require us to have full information. Also, by adding an additional source, e.g., results from separate structural characterization measurements, we can impose additional constraints on CCP. Reconciling of CCPs in that case can be done using the DS rule, as it is commutative and associative, meaning that the order does not matter and the combination of different sources can be done sequentially instead globally.
12
By applying the DS-rule to reconcile different partial representations, we are enabling the automatized reconstruction of the structure based on the currently available evidence structure and partial structural representations. The computational cost of evidence combination increases exponentially with respect to cardinality (the number of elements) of the set S, which can be resolved either by applying efficient procedures for performing exact computations 14 or by approximating/simplifying of bba.
15
To summarize, we showed how to reconcile partial representations of the structure using constraints from experiment and theory and determined a range of parameter space where predictive theory can be used to design and optimize the structure. We provided the upper limit of what can be concluded about the structure given the inputs from structural characterization and theory.
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